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GRADIENT COMPUTATION
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Topics: loss gradient at hidden layers
              pre-activation
• Gradient:
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ACTIVATION FUNCTION
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Topics: linear activation function gradient

• Partial derivative:
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Topics: sigmoid activation function gradient

• Partial derivative:
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Topics: tanh activation function gradient

• Partial derivative:
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�

h

(k)
(x)

>

• r
b

(k) � log f(x)y (= r
a

(k)(x) � log f(x)y

• r
h

(k�1)(x) � log f(x)y (= W

(k)> �
r

a

(k)(x) � log f(x)y
�

• r
a

(k�1)(x) � log f(x)y (=

�
r

h

(k�1)(x) � log f(x)y
�
�r

a

(k�1)(x)h
(k)

(x)

• g0(a) = a

• g0(a) = g(a)(1� g(a))

• g0(a) = 1� g(a)2
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